The authors propose a new biclustering method and demonstrate its applicability in a set of breast invasive carcinoma cohorts. The method stems from the idea of gene proximity based on mutual agreement in the sets of samples where genes from a gene pair are expressed highest or lowest. Based on proximity, a gene graph is constructed, biclusters correspond to densely connected genes and samples overrepresented on the subgraph edges. The idea of gene similarity defined by the size and significance of the overlaps between the sample sets that fall into percentile sets of the inidvidual genes is plausible and appealing. This manuscript is a resubmission of the previous paper that I also reviewed. I checked the changes that the authors made and verified how the improvements answer my earlier comments: 1. I had a conceptual comment to the algorithm design. I proposed to present the algorithm rather as a regular clustering with a new gene proximity measure. The authors keep their algorithm in the class of biclustering methods, however, they introduced a new experimental section named Enrichment of bicluster samples in top (bottom) sample sets of bicluster genes in which they showed that their algorithm tends to generate biclusters with core functional signatures, i.e., it is possible to identify core sample that comprise the bicluster and whose occurrence is statistically significantly enriched in the top and bottom sample sets of nearly each gene in the bicluster. This experiment sufficiently answers my doubt that genes appearing in a densely connected subgraph do not have to be co-expressed in a similar set of samples. 2. There are some principal limitations in the algorithm design. The algorithm includes the largest clique identification problem which is computationally difficult. I proposed to study runtime of the algorithm in a more detail. The authors did so in a new section named Runtime analysis. The section confirmed the expectation that TuBA has longer runtime than most of the other biclustering algorithms. Despite of the inconvenient asymptotic bounds, the authors demonstrated that the algorithm can be applied to current gene expression datasets with tens of thousands genes and thousands of samples. The runtime can be influenced by the setting of the significance level of overplap between percentile sets 3. The authors answered a few detailed technical comments that referred to Figure 2 and the Graph based algorithm.
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